14300 


IEEE INTERNET OF THINGS JOURNAL, VOL. 9, NO. 16, 15 AUGUST 2022 


Potential Application of Using Smartphone Sensor 
for Estimating Air Temperature: Experimental Study 


Kun Song®, Xichuan Liu, and Taichang Gao® 


Abstract—High temporal-spatial resolution measurement of 
the air temperature is important for human health and research 
on the urban heat island. Since conventional methods can hardly 
meet the demands, a novel measurement of the air temperature 
has been proposed by using the battery temperature sensor of the 
smartphone, which can provide a refined data in a crowdsourcing 
way. First, a heat transfer retrieval model among the air temper- 
ature, battery temperature, and the pocket of the clothing or the 
desk is established. Then, coefficients of the retrieval model are 
obtained by the data set measured through the smartphone and 
the thermometer in the linear fitting method. Finally, we retrieve 
the air temperature in a specific site with a time resolution of 
1 min based on the retrieval model by three independent smart- 
phones. The retrieval air temperature of four models strongly 
correlates to the true value, indicating that the retrieval model 
can sense the variation of the air temperature. Meanwhile, root- 
mean-square errors of the 1st and 4th model are 0.35 °C and 
0.45 °C, implying the high retrieval accuracy. The results suggest 
that the retrieval model can provide a short timescale (minute) 
and robust estimation of the air temperature by smartphone 
temperature sensors. 


Index Terms—Atmospheric sounding, crowdsourcing, mea- 
surements of air temperature, smartphone battery sensor. 


I. INTRODUCTION 


EMPERATURE is a very important meteorological 

factor [1]. It is closely related to human life. Heat wave 
may negatively influence human health and increase the mor- 
tality rates [2]-[4]. Between 4 and 18 August 2003, average 
daily temperatures across France exceeded 35 °C, and the 
unprecedented temperature resulted in an overall 60% increase 
in mortality compared with the seasonal norm for the entire 
country [2]. Moreover, many studies, researching the urban 
heat island (UHD), indicate that future heat stress is amplified 
in urban areas [5], [6]. UHI is the difference in canopy air 
temperature between the rural background and the urban core. 
Therefore, it is of significance for the higher temporal-spatial 
resolution measurements of urban atmospheric temperature [7] 
with ongoing and projected global urbanization [8]. However, 
traditional measurement of the air temperature in urban areas 
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only covers a small area for intensive measurement [9], [10], 
which leads to be lack of necessary measurements in other 
areas. As a result, it can hardly meet the demands of high 
temporal-spatial measurement in reality. It is essential to 
develop a method to solve the problem. 

Besides professional measurements of the air temperature, 
citizens as data providers show the potentials in recent years, 
especially in urban areas [5], [11]-[13], which can provide 
data of the higher spatial resolution in a cost-efficient way. For 
example, the Netatmo company develops the weather station 
for interested citizens to observe the atmospheric condition 
indoor and outdoor (https://www.netatmo.com/product) and 
thus, a chance is given to collect the atmospheric data (includ- 
ing the air temperature) around the world by the Netatmo 
server [7], [14], [15]. Meanwhile, the concept of crowd- 
sourcing, defined by Dickinson ef al. [16] as “getting an 
undefined public to do work, usually directed by desig- 
nated individuals or professionals,’ is a new approach to 
acquire huge amounts of data to explore the other applica- 
tion. Inspired by this concept, there are some research on 
rainfall estimation, which is retrieved by microwave rain- 
induced attenuation measured through smartphone signal [17]. 
Sensor-laden wearable systems also have the potential of esti- 
mating the temperature, such as the printed chipless antenna 
and the smart bandage with temperature sensors by means 
of change in resistance [18], [19]. Additionally, an innovative 
method was proposed by Overeem et al. [20] for measuring 
the air temperature in urban by smartphone battery sensors 
in recent years. It is a development of a scaling mecha- 
nism allowing real-time conversion of battery temperature 
to air temperature. Overeem ef al. have taken advantage of 
6-month data sets of the battery temperature measured by 
smartphone temperature sensors from eight cities, with on 
844 selected battery temperature readings per city per day. 
Then, a transfer heat model between smartphone, user body, 
and air temperature is employed to retrieve a daily aver- 
aged, city-averaged air temperature. Then, based on the study 
of Overeem et al., Droste et al. [21] researched a much 
longer and denser data set of OpenSignal for São Paulo to 
retrieve the air temperature in Brazil. They explore the poten- 
tial of the heat transfer model at refined spatial and temporal 
scales. 

The crowdsourcing method for measuring the air tempera- 
ture by smartphones is promising, as smartphones are widely 
spread in the world. Almost all smartphones have built-in 
battery temperature sensors that monitors the temperature of 
the battery in order to prevent damage when the battery is 
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too hot [22], which can provide the high temporal-spatial 
resolution measurements for the protection of human health 
and the research on UHI. In this article, we explore the poten- 
tial of the air temperature measurement by the smartphone 
battery sensor. First, a heat transfer model between the air tem- 
perature, battery temperature, and the pocket of the clothing 
or the desk is established, which is similar to Overeem et al. 
Different from retrieving the daily averaged, city-averaged 
air temperature by many smartphones of Overeem et al., 
we retrieve the air temperature in a small scale and spe- 
cific site with a time resolution of 1 min based on the heat 
transfer model by three smartphones, which is more feasi- 
ble in reality. In addition, the coefficients of the estimation 
model in [20] and [21] are assumed to be constant. However, 
coefficients for each smartphone in different periods are differ- 
ent due to the variation of the thermal conductivity. Therefore, 
coefficients of the estimation model in our study are differ- 
ent for different smartphones and periods. The coefficients of 
the retrieval model are calculated by the data set measured 
by the smartphone and the thermometer datalogger in the 
linear fitting method. Note that the temperature data, avail- 
able through some weather apps on the phone, is measured 
by some organizations such as weather stations, but they 
need the Internet connection when the temperature data is 
accessible. However, the application of the estimation of the 
temperature data by the phone battery sensors can access 
the temperature data in anytime and anywhere even with- 
out Internet connection. Meanwhile, we develop a lightweight 
app to obtain the smartphone battery temperature, which is 
easy to embed itself in other common apps in the future. 
This study may provide huge amount of data for meteoro- 
logical departments and give more refined air temperature 
with high temporal and spatial resolution in a crowdsourcing 
way in the future. Additionally, the air temperature varia- 
tions could be influences on the water temperature and the 
variations of dissolved oxygen. A big influence of water tem- 
perature on water acidification [23]. Based on the mapping air 
temperature by smartphone battery temperature sensors, the 
water temperature also can be estimated by using the model 
between the air temperature and the water temperature such 
as air2stream model [24], which is helpful for water pollution 
monitoring. 

In this study, we propose a method of estimating the air tem- 
perature by the battery temperature sensor of the smartphone. 
The method can provide real-time air temperature measure- 
ment with the 1-min resolution, which is much higher than 
the traditional methods. Meanwhile, the novel method has the 
potential of providing high spatial air temperature measure- 
ments by collecting the huge amount of data of the billions of 
widespread smartphones via the Internet. This article is orga- 
nized as follows. Section II introduces the data measured by 
the smartphone battery temperature between March 19, 2019 
and April 19, 2019 and the air temperature retrieval model 
based on the smartphone battery temperature. Section III 
describes the retrieval result using the data set measured 
by three smartphones in order to verify the retrieval model. 
Section IV discusses some issues and Section V concludes 
this article. 
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II. MATERIAL AND METHODS 
A. Air Temperature Retrieval Model 


The air temperature retrieval model of the study is based on 
the heat transfer model proposed in [20]. Suppose that a smart- 
phone is put on a desk or carried in a pocket of user’s clothing 
in a room. Let Ee (W) represent the thermal energy generated 
by the smartphone per unit time. Almost all of Ee will be 
turned into heat by conductive heat flow, then convection and 
radiation can be neglected. Thus, Ee is balanced by heat out- 
flow to the air (Ea (W)) and to the desk or the pocket (Eo 
(W)). Ea or Eo between two adjacent systems is proportional 
to the difference of the temperature between two systems. We 
further assume that there are no other heat sources. As a result, 
the equation among Ec, Ea, and Eo may be written as follows, 
assuming stationarity: 


Ec = Ea + Eo 
Ea = ka(Te aE Ta) (1) 
Eo = ko(Te ra. To) 


where T,(°C) is the smartphone battery temperature measured 
by the smartphone battery temperature sensor, Ta (CC) is the 
true air temperature, and T, (°C) is the external object temper- 
ature, such as desk or the user’s body, which can be assumed 
to be constant approximatively in a period. kg (W/°C) and 
ko (W/°C) represent coefficients of heat conduction between 
two adjacent systems, respectively. Equation (1) then can be 
rewritten as follows: 


Tz = igo T, kor E (2) 
ar ka E ka oO ka s 


It is further assumed that E,, ka, and k, are constant for each 
sampling time (1 s in this article). Then, a formula can be 
obtained as follows: 


Tai = ki h Tei + bj (3) 


where subscript i represents the ith measurement of the 
smartphone battery temperature. A time-average method is 
adopted in the time interval of N for getting a more robust 
estimate of T, 


N 


1G Sgt eo (4) 
N a,i N a i (en N = i 


i=1 


where ki and b; are assumed as to be constant approxima- 
tively in the same phone and same site. Equation (4) can be 
rewritten as 


Tog =k« Toi +b (5) 


where Ta, j and Te are the average air temperature and the 
smartphone battery temperature of the jth time interval mea- 
sured by the smartphone battery sensors, and k and b are 
constants. The value of k represents the sensitivity to the vari- 
ation of the air temperature. If k = 1, then Tej would change 
1 °C when ie change 1 °C. Equation (5) is adopted as the 
air temperature retrieval model, meanwhile, Ta j and Tej are 
linear, approximatively. 
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Fig. 1. Three cellphones, the thermometer, and the application in the study. 


B. Data of the Smartphone Battery Temperature 


The smartphone model in this study is Samsung G9300 and 
the system of the phone is Android 6.0. The smartphone has 
a battery temperature sensor which is applied for monitor- 
ing the real-time battery temperature and protecting the phone 
from high temperature. Meanwhile, an Android application 
has been developed in order to record the real-time data mea- 
sured by the smartphone battery temperature sensor with the 
sampling time of 1 s. And the measurement resolution of the 
smartphone battery sensor is 0.1 °C. In addition, to verify the 
air temperature retrieval model presented in the study, we have 
also measured the air temperature by the thermistor thermome- 
ter of the UT330C datalogger. Sampling time of the datalogger 
is 1 min, the resolution is also 0.1 °C, and the measurement 
accuracy is +0.5 °C. 

Three smartphones and one UT330C datalogger are put in 
the same room, located in the College of Meteorology and 
Oceanography, National University of Defense Technology, 
Nanjing, China. In order to improve the representativeness of 
the smartphone, three smartphones are put in different posi- 
tion in a room: the first smartphone is put on the desk, the 
second one is put on the sofa, and the third one is put into the 
pocket of the down jacket. Simultaneously, the thermometer 
is put on the central of the room to measure the air tem- 
perature of the room. Note that the windows of the room are 
always opened for keeping up with the variation of the outdoor 
temperature. Fig. 1 shows the smartphones, the UT330C data- 
logger and the application for recording real-time smartphone 
battery temperature. 

The values of the smartphone battery temperature are calcu- 
lated by a method of 1-min average, which can be compared 
with the UT330C datalogger. Fig. 2(a) gives the comparison 
between the smartphone battery temperature measured by the 
smartphone sensors and the true air temperature measured by 
the UT330C datalogger from March 19, 2019 to April 19, 
2019. Additionally, the average battery temperature of three 
smartphones is also shown in the figure. It shows that the 
smartphone battery temperature strongly, positively correlates 
with the true air temperature, indicating that the smartphone 
battery sensors can sense the variation of the air temperature. 
Fig. 2(b) gives correlation coefficients (o?) between the battery 
temperature of three smartphones and the air temperature mea- 
sured by the UT330C datalogger of each single day. It further 
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Fig. 2. Measurements of the air temperature and the battery temperature 
of cellphones. (a) Time series of the battery temperature measured by three 
cellphones and the air temperature measured by UT330C. (b) Correlation 
coefficients (p2) of different dates between the battery temperature of three 
cellphones and the air temperature. Note that the average battery temperature 
is calculated by the average of battery temperature of three cellphones. 


indicates that the battery temperature of all three smartphones 
correlates with the true air temperature strongly in most of the 
time, especially for the first smartphones whose p°? is around 
close to 0.9. 

However, p° of the third smartphone is lower than the other 
two because it is put into the pocket of the down jacket, 
which is less sensitive to the variation of the true air tempera- 
ture. Moreover, p° between the average battery temperature of 
three smartphones and the air temperature is also given in the 
figure. The result shows correlation is getting higher clearly 
using the average battery temperature compared with the sec- 
ond and third smartphones, indicating that the average method 
can smooth or even eliminate the outlier (e.g., the data on 
March 19, 2019 and April 12, 2019 of the third smartphone). 
Therefore, it may be feasible to retrieve the air temperature 
using the average battery temperature of several smartphones 
based on the retrieval model. 


III. RESULTS 
A. Fitting Results of k and b 


Estimations of the values of k and b are necessary to retrieve 
the air temperature using the retrieval air temperature model. 
In this study, we approximately assume that Ta j and Te, j are 
linear. Therefore, the linear fitting method is adopted to cal- 
culate the values of k and b. Fig. 3 shows the fitting results 
between the battery temperature of three smartphones and the 
true air temperature measured by the UT330C datalogger on 
different dates. Also, the fitting results between the average 
battery temperature and the true air temperature are shown 
in the figure. It can be seen that the fitting results of the 
first smartphone and the average keep stable in different dates 
and values of k are both close to 1, while results of the third 
smartphone are variational. 
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Fig. 3. Fitting results of the retrieval air temperature model. (a) Values 


of retrieval air temperature model of k for each day. The black dashed line 
represents that k = 1. (b) Values of retrieval air temperature model of b for 
each day. 
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Fig. 4. Fitting values of k and b of the retrieval model calculated by the 
training sets of four groups. Date of the training set are from March 19, 
2019 to April 4, 2019 (21 600 min). 


B. Retrieve Air Temperature Using the Smartphone Battery 
Temperature 


In this section, we have four data sets of the battery temper- 
ature measured by smartphone sensors: the first smartphone, 
the second smartphone, the third smartphone, and the average 
temperature of three smartphones. As for each set, the data set 
is divided equally into two parts: 1) training set and 2) test 
set. The training set is used to calculate the values of k and 
b of the retrieval air temperature model by the linear fitting 
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Fig. 5. Retrieval results by four models. (a) Time series of the retrieval air 


temperature of test set and the true air temperature. (b) Test results of the 
retrieval models. MAE: mean absolute error, and MB: mean bias. 


method and the test set is used to validate the accuracy of 
fitting values of k and b of the retrieval model. 

The values of k and b of four groups are fitted by training 
sets and given in Fig. 4. The value of k is close to 0.9 except 
the third smartphone (k = 0.64) because it is put into the 
pocket of the clothing and less sensitive to the variation of 
the temperature. Meanwhile, root-mean-square errors (RMSE) 
between the true air temperature and the value retrieved by the 
fitting model of four groups are calculated for evaluating the 
model. RMSE is calculated as follows: 


M A 2 
RMSE = i Laun Tri) (6) 


where T, į; is the retrieval temperature by models, 7;,; is the 
true temperature by the UT330C datalogger, and M is the num- 
ber of T, i. RMSEs are between 0.12 °C and 0.44 °C, which 
indicates that the fitting model is close to the true value. Note 
that we use “the first to fourth model” to represent the fitting 
equation based on (5) of four training sets for the convenience 
of the following illustration in the study. 

Fig. 5(a) shows the retrieval air temperature (7) of the 
test set using four retrieval models. In general, T, of four 
models strongly positively correlates with true air tempera- 
ture (Ta). Furthermore, T, of the first model and the fourth 
model is closer to Ta, compared with the second and the 
third model. Additionally, a more complete overview by scatter 
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Fig. 6. Retrieval results for daily mean, minimum, and maximum air 
temperature by four models. 


plots between T4 and T, are given in Fig. 5(b). RMSE, mean 
absolute error (MAE), and mean bias (MB) are calculated. 
MAE and MB reflect the bias between the retrieval and the 
true value. MAE and MB are calculated as follows: 


Len aes ee 

vans Sei Tal (7) 
M AT e=T; 

ypc LA (8) 


where T, ; and T; ; are retrieval value and true value, respec- 
tively, and M is the number of data. As for the first model 
and the fourth model, the values of RMSE are 0.35 °C and 
0.45 °C, showing that retrieval results have little deviations, 
which indicates the high retrieval accuracy. Nevertheless, devi- 
ations larger than a few degrees can also be found (the third 
model), compared with the two models mentioned above. It 
is because the third smartphone is put into the pocket of the 
clothing, leading to be less sensitive to the variation of the 
air temperature. However, the good effect of the fourth model 
suggests that it is feasible to take advantage of the average bat- 
tery temperature of different smartphones to smooth deviations 
and outliers. 

Daily mean, minimum, and maximum air temperature are 
often adopted for evaluating air temperature. These parameters 
are useful for the research on climate change and modeling 
of air temperature [25]. Fig. 6 shows results of three param- 
eters by four models. It can be seen that retrieval values of 
the parameters still positively correlates with true air tempera- 
ture. For further analysis, values of RMSE of three parameters 
by four models are calculated in Fig. 7. It shows that values 
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Fig. 7. RMSE of daily mean, minimum, and maximum air temperature by 
four models. 
TABLE I 
EVALUATION OF RETRIEVAL AIR TEMPERATURE WITH DIFFERENT NS 


N P RMSE (°C) MB (°C) 
1 model 60 0.99 0.33 -0.26 
900 0.99 0.33 -0.26 
3600 0.99 0.32 -0.25 
2"! model 60 0.99 0.62 -0.55 
900 0.99 0.61 -0.54 
3600 0.99 0.61 -0.54 
3” model 60 0.97 1.27 -1.08 
900 0.97 1.27 -1.08 
3600 0.97 1.24 -1.06 
4" model 60 0.99 0.46 -0.37 
900 0.99 0.46 -0.37 
3600 0.99 0.46 -0.37 


of RMSE for three parameters are less than 0.8 °C except 
the third model, and the ones for the first and second model 
are less than 0.4 °C, which indicates that the method can 
estimate the air temperature for both high and low values. 
Compared with retrieval results of the third model, the ones 
by the fourth model have a higher accuracy, showing that it 
still works by calculating the average battery temperature of 
different smartphones. 


IV. DISCUSSION 
A. Time Interval of N 


In Section III, the value of N of (4) is selected to be 60 
(1 min) for a robust estimation of the retrieval air tempera- 
ture. In this section, we discuss whether or not the value of 
N influences the retrieval air temperature. Table I gives the 
results of o’, RMSE, and MB between the retrieval air tem- 
perature and the true air temperature when N = 60, 900, 1800, 
and 3600 (1 min, 15 min, 30 min, and 1 h) for four models. 
In general, the retrieval results would be more robust as the N 
is getting larger. However, in this study, values of p*, RMSE, 
and MB between the retrieval air temperature and the true air 
temperature barely change with different Ns, showing that the 
values of N have little influence on the retrieval results when 
N is larger than 60. The analysis above indicates that it is opti- 
mized that set N = 60. The value (N = 60) provides a short 
timescale (minute) estimation of the air temperature. 


B. Potential of Crowdsourcing Way to Estimate the Air 
Temperature Using the Smartphone 


Crowdsourcing way, the involvement of volunteers in 
research presented in [16], is widely used, benefiting from the 
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Internet and the big data. It has invited the public to take part 
in the scientific research and data collection. The smartphone 
is a good choice to connect the public and the data measured 
by its sensors via the Internet. In this study, a preliminary 
test has been conducted to prove that a smartphone battery 
temperature sensor can be converted the air temperature by 
a model, although there are still some errors. However, if the 
more sensor data of the battery temperature can be obtained 
through the Internet, then the less errors will be converted in 
the average of time and space methods [20]. By installing the 
application and collaborating with communication operators, 
a huge number of data can be obtained in the future. Thus, 
we can get a refined, high-temporospatial temperature data for 
the weather forecast, the research for the heat island effect and 
the public health. 


C. Possible Sources of Error 


There are possible sources of error for estimating the air 
temperature by the smartphone. The central processing unit 
(CPU) load of the phone may result in increased device tem- 
perature, which would overestimate the air temperature. In 
addition, other factors, such as smartphone model, operating 
system version, and screen size, also have an impact on the 
temperature of the phone, which may influence on battery 
response to air temperature. To solve this error, it is necessary 
to calculate an estimation model for each smartphone based 
on the existing data, separately. Further research on the impact 
needs to be done in the future. 

The smartphone, that is not get properly exposed to the 
environment, may lead to estimation errors. In this study, the 
most of correlation coefficients of the third phone (unexposed 
to the environment) in Fig. 2(b) are higher than 0.8, indicating 
that this phone can still sense the air temperature. However, 
compared with the other two phones (exposed to the environ- 
ment), the estimation result of the third phone is less accurate, 
indicating that the positions of the smartphones can influence 
the accuracy. To overcome this problem, we present an aver- 
age estimation model (the 4th model). The result shows that 
this model can improve the accuracy of the third phone. Other 
positions of the smartphones, such as the hand of the users, 
also need to be studied in the future. 


V. CONCLUSION 


High temporal—spatial measurement of the air temperature is 
important for human health and research on the meteorology. 
However, conventional methods can hardly meet the demands. 
It is essential to develop a method to solve the problem. As 
a result, we present a method of estimating the air temperature 
by the battery temperature sensor of the smartphone with the 
1-min sample time in this study. If we collect the battery tem- 
perature of widespread smartphones in a crowdsourcing way 
in the future, the method can provide refined air temperature 
with high temporal and spatial resolution. 

First, a heat transfer retrieval model between the air tem- 
perature, smartphone battery temperature, and the temperature 
of the pocket of the clothing or the desk is established. The 
model is supposed to be a linear model. Then, coefficients of 
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the retrieval model are obtained by the data set measured by 
the smartphone battery sensor and the thermometer datalogger 
in the linear fitting method. Finally, we retrieve the air temper- 
ature in a specific site with a time resolution of 1 min based 
on the retrieval model by three independent smartphones. 

The retrieval temperature of four models strongly, posi- 
tively correlates to the true air temperature measured by the 
thermometer datalogger, which indicates that the retrieval air 
temperature model can sense the variation of the air temper- 
ature. Meanwhile, RMSEs of the first and fourth model are 
0.35 °C and 0.45 °C and MAEs of two models are 0.28 °C and 
0.36 °C, implying that the two modes have the high retrieval 
accuracy. Deviations of the third model are larger than the oth- 
ers because the third smartphone is put into the pocket of the 
clothing, which leads to be less sensitive to the variation of the 
air temperature. However, this problem can be solved by tak- 
ing the average of battery temperature of three smartphones. 
The method provides a feasible way to smooth deviations and 
outliers. Additionally, values of N in (4) have been discussed 
and results of Table I show that whatever N is equal to 60, 900, 
1800, or 3600, the retrieval air temperature change little as for 
o, RMSE, MB, and MAE. It suggests that the retrieval model 
can provide a short timescale (minute) and robust estimation 
of the air temperature by smartphone temperature sensors. In 
order to improve the estimation accuracy of air temperature, 
further research on possible sources of error needs to be done 
in the future. 

This article may provide a novel way to estimate the air tem- 
perature in a small scale and specific site with a time resolution 
of 1 min based on the heat transfer model by smartphones, 
which is more feasible in reality. The crowdsourcing method 
for measuring the air temperature by smartphones is promis- 
ing, as smartphones are widely spread in the world, especially 
in urban areas, which can provide the high temporal-spatial 
measurements. The smartphone may become a more refined 
measurement of the air temperature in a crowdsourcing way 
in the future. 
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